Appendix 2: Multiple Imputation
MI was performed with the Amelia II R package [1] . Amelia II uses a bootstrapping-based EM algorithm that is both fast and robust [2] . Amelia II package was preferred to other available software due to its extensive use in social and economic sciences and its particular ability to deal well with missing data in longitudinal studies. Table 2 gives the percentage of missing data by studied variables between 1996 and 2009. The 5 variables with the largest percentage of missing data were the HIV prevalence (20.2%), the adolescent fertility rate (9.3%), the prevalence of undernourishment in the population (8.3%), the female mean years in school (7.2%), and the percentage of the population having access to improved sanitation facilities (5.3%). All other explanatory variables had a missing data percentage inferior to 5%. Table 3 gives the percentage of missing data by country between 1996 and 2009. Countries with more than 30% of missing data are colored in red. These countries represented less than 5% of the whole countries in our dataset. The five countries with the most important missing data percentage were the South Sudan (86.7%), Andorra (64.8%), San Marino (63.3%), the Liechtenstein (55.2%), and Monaco (50%). In spite of this high level of missing data for these countries, we choose in our study to include them whatever their percentage of missing data. Table 4 provides the percentage of missing data by year between 1996 and 2009. The most important percentage of missing data were observed for the year 1996 (17.5%). All other years had a percentage inferior to 10%. Table 5 provides the number and percentages of countries with totally unobserved data by studied variables between 1996 and 2009. The 5 variables with the largest percentage of countries with totally unobserved data were the HIV prevalence (24%), the female mean years in school (9%), the prevalence of undernourishment (9%), the adolescent fertility rate (7%) and the GDP per capita (6%). All other variables had a percentage inferior to 5%.
Description of the missing data pattern

Imputation characteristics
Further supplementary variables not used in the analysis were added to the dataset in view to improve the accuracy of the imputations. These last were chosen due to their potential strong correlations with some incomplete variables. These supplementary variables were: The fertility rate
[3], the tuberculosis incidence [3] , the percentage of the population under 14 years of age [3] , the political IV democracy index (Polity IV) [4] , the life expectancy [3] and the ratio of female to male primary school enrolment [3] Figure 2 shows that our dataset included variables failing to fit a multivariate normal distribution assumed by Amelia II to impute data. U5MR, the GDP per capita, the public health expenditure per capita and the tuberculosis incidence were log-transformed to normalize their distribution and avoid imputations depending too heavily on extreme data points. In order to make the distributions symmetric and unbounded, a logistic transformation was used for water and sanitation coverages, and for the percentage of the population in urban area. A square root transformation was used for the HIV prevalence, the prevalence of undernourishment in the population, the adolescent fertility rate and the fertility rate. Geographic area was included as a six level nominal variable while the World Bank income country group (four levels) and the polity IV democracy index were treated as ordinal variables. To improve the imputation accuracy, Amelia II permits to include lags and leads of variables into the imputation model. In our study, this was done for all the variables. The time was also taken into account with the help of a second-order polynomial function of year. To take into account logical bounds of variable not handled by previous transformations, Amelia can take draws from a truncated normal distribution in order to achieve imputations that satisfy these bounds. The bounds used in our study are given in Table 6 . A very good agreement between the observed and the imputed values was found for the GDP per capita, the water and sanitation coverage, the adolescent fertility rate, the HIV prevalence, the prevalence of undernourishment, the public health expenditure, the percentage of the population living in urban areas and the female mean years in school. A less good agreement was however found for the perceived level of corruption, democracy and violence. According to the low level of missing data for these 3 variables (inferior to 2%), it was argued that this less good agreement was not prejudicial to the overall quality of the imputed datasets.
For HIV prevalence, because of the large within country correlations and the number of countries with totally unobserved data, the previous inspection could not be as pertinent as for the others variables to assess the overall validity of the imputation process. However, the use of tuberculosis incidence as a supplementary variable in the imputation process (known to be strongly correlated to HIV prevalence) might have limited the presence of important incoherencies in estimations.
Furthermore, the results of the analysis performed on countries with complete data presented in appendix 6 confirmed that the identified relation between log(U5MR) and the HIV prevalence was similar whatever the data used and gave a supplementary argument for the plausibility of the imputations of missing data in HIV prevalence. Here, as suggested in a previous study, we performed our variable selection procedure on each of the imputed datasets created by multiple imputation and selected predictors that appeared in more than half of the models.
To avoid over-adjustment and problems in algorithm convergence due to the large numbers of exploratory variables (36 in all) we chose to use a forward stepwise procedure. New variables were added manually one at a time and the variable that minimized the Akaike Information Criterion (AIC) was retained:
Step 1: A single variable GAMMs was run for each variable and they were ranked in order of AIC. The variable with the lowest AIC was chosen as the first variable for the model.
Step 2: Each of the remaining variables was added in turn to the one variable model from
Step 1 and the AIC re-calculated. The additional variable that produced the lowest AIC was then selected.
Step 3:
Step 2 was repeated. The process was repeated until no additional variable decreased the AIC.
Result of stepwise procedures
Selected variables in the 10 stepwise procedures on each of the imputed dataset are given in Table 7 .
According to our decision rule the following variables were retained in the final model:
The GDP per capita without lag
The percentage of people with access to improve water source with a lag of 4 years
The percentage of people with access to improved sanitation with lags of 0 and 4 years
The percentage of urban population with a lag of 4 years
The adolescent fertility rate with lags of 0 and 4 years
The public health expenditure with lags of 0, 2 and 4 years
The HIV prevalence without lag
The corruption level with lags of 0 and 4 years
The political stability level with a lag of 4 years
The average years of schooling for women with lags of 2 and 4 years
Globally there was a strong agreement between the 10 analyses as for the name of the selected variables but fluctuations in the selection of some lags. It can be noted that GDP at lag 0 was selected in each of the 10 imputed datasets but that GDP at lag 2 was also selected in 5 datasets and GDP at lag 4 was selected in 4 other datasets. Thus, some form of delayed effect of GDP is likely. By contrast, democracy was never selected, whatever the lag, in any of the 10 datasets and prevalence of undernourishment was only selected once (lag 2 and 4 simultaneously). Table 8 .
The 5 variables the most correlated with the logarithm of U5MR were: the percentage of the population having access to improved sanitation facilities (r = -0.83), the female mean years in school (r = -0.82), the percentage of the population having access to improved water sources (r = -0.79), the perceived level of corruption (r = -0.76) and the GDP per capita (r = -0.75) 
